estimates. In this case, the process giving rise to the daily counts of fish stems from an 108 underlying run-timing curve, whose parameter values are similar among years. The hierarchical 109 model of passage at a weir builds informative Bayesian priors for the run-timing curve 110 parameters, so that estimates of passage in years with missing counts are informed by more 111 complete run curves from other years. 112
Our approach was similar to an HBM incorporating historical abundance priors for spawning 113 aerial observations (Su et al. 2001 ). Unlike weir counts, aerial counts are confounded by stream 114 residence times of the salmon before spawning and the possibility of missing or double counting 115 a fish. Hence, they modeled the mean date of arrival using an exponential function (curve). 116
Assumptions about stream residency proved to be important in estimating total escapement and 117 its variance. Aerial estimates of pink salmon in spawning areas in Southeast Alaska for 25 years 118 from 1974 to 1998 were analyzed with the HBM (Su et al. 2001 ). Many counts did not extend 119 past, or include, the peak portion of the run curve, so that annual counts varied widely and could 120 not be sampled efficiently without a scaling transformation of the counts. 121
In the present study, we examined a 40-year time-series of fish passage in the Kogrukluk 122
River with an HBM. The Alaska Department of Fish and Game (ADF&G) has operated a fish 123 counting weir at a remote site on the Kogrukluk River since 1976, and this historical time series 124 is the longest sequence of weir counts of several species of salmon for a river in the Kuskokwim 125
River drainage. The Kogrukluk River weir counts have served as an important indicator of 126
Chinook salmon (Oncorhynchus tshawytscha) abundance in the Kuskokwim River, which 127 supports substantial commercial and subsistence fisheries. The Kogrukluk River is a tributary of 128 D r a f t the Holitna River, which is the largest salmon-producing tributary in the Kuskokwim River 129 drainage ( Fig.1 ; Shelden et al. 2004 ). The methods used to generate this dataset are typical of 130 most weir counting procedures for Chinook salmon, as well as for other species of salmon for 131 which weir counts are used to estimate escapement. However, this time-series is not complete 132 because of the challenges associated with operating a weir under harsh conditions in a dynamic 133 river environment. The dataset consists of daily weir counts, with counts that were either missing 134 or incomplete on several days. 135
The goal of the present study was to develop an HBM to estimate parameters from yearly 136 fish passage curves at the Kogrukluk River weir and to estimate unobserved components of 137 salmon passage. We created a generative HBM to estimate run-timing curves from imperfect 138 weir counts that could be used to estimate fish passage during periods when counts are missing. 139
A pivotal assumption of our model is that, when the weir has been breached, migrating fish pass 140 the weir-site as they do during normal operating days. We then compared the results of this 141 model to historical ad-hoc estimates and to year-by-year Bayesian estimates. The HBM approach 142 provides more defensible estimates of escapement than either of these methods, because it 143 incorporates information from previous years and produces estimates with smaller mean squared 144 errors (Casella 1985) . 145 D r a f t 8 information about the number of hours the fish were counted were unavailable. Simple daily 152 counts were used in this study. 153
Model 154
The observed daily counts in the model are described by a probability distribution whose 155 expectation changes deterministically over time. This characterization was then used to 156 iteratively generate missing counts. Descriptions of parameters used in the model appear in Table  157 1. 158
Likelihood 159
We modeled the highly variable daily fish-passage counts as a negative binomial random 160 Table S1 ). A 162 negative binomial rather than a normal distribution was used to model counts at a weir because 163 variability in passage was expected to be correlated with the magnitude of the passage ( To model the expected counts, ߤ ௧ , we needed a flexible curve that captures the dynamics of 175 expected salmon arrivals, in which the run builds quickly, peaks, then slowly dies off, 176 resembling a unimodal probability distribution with a heavy tail. Both the gamma and Gompertz 177 curves potentially meet these requirements. However, a comparison of estimates of escapement 178 with the HBM showed that the Gompertz curve consistently provided more conservative 179 estimates (Fig. 2) . The use of the gamma curve in the model may over-estimate escapement in 180 some years and lead to inappropriate fishery management action. We therefore used a scaled 181 version of a Gompertz curve, 182
Here, , t j µ is the expected count on day j in year t ; t α is a scalar that determines the magnitude of 184 the curve; t m corresponds to the mode of the run; and t β accommodates run protraction (i.e., the 185 right skew of the curve). We sought a function that produced a flexible unimodal curve that 186 could incorporate variation in run timing characteristics, such as protraction and mode of 187 passage. 188
Bayesian priors 189
There are four parameters per year: log(α t ), β t , m t , and Κ t from equations 1 and 2 (Table 1) timing. In 1977, the weir was never fully operational so that only partial counts were made. 208
Partial counts were used to inform the model to prevent the partial count from exceeding the 209 model estimated count. These 'right-censored', or truncated, observations set the minimal count 210 for that day. 211
Implementation 212
The model was coded in JAGS language (Table S1 ), and chains of 1 million iterations 213 (thinning by 10) with different starting values were run with a burn-in of 10 000 iterations. One 214 million iterations were used to ensure convergence. Five chains were run simultaneously and 215 D r a f t was tested using the Gelman-Rubin shrink factor (Gelman and Rubin 1992). Total escapement 217 was estimated at each iterate as the sum of actual and generated daily counts. Point estimates for 218 total escapement each year were taken as the posterior means, and 95% credible intervals were 219 constructed by taking the 2.5% and 97.5% quantiles of the posterior distribution. 220
Evaluation of model 221
We used two complete annual datasets from 1984 and 2014 to evaluate the HBM. These two 222 years included observations over all of the 48-day period the weir was in operation. The average 223 time that the weir was inoperable from breaches was 15.9 days, with no complete daily counts in 224 in 1977 and complete daily counts in years 1984 and 2014. Hence, we used 16 days as a realistic 225 period of unobserved counts in this evaluation. Accordingly, we removed counts in the first (16 226 days), middle (16 days), and last (16 days) parts of the run before estimating run curves for each 227 experimental removal with the full model informed by historical data and compared these results 228 to escapements estimated from the observed counts. 229
Results

230
The Gelman-Rubin shrink factors converged to approximately one, indicating that HBM 231 chains estimating total escapement converged for the datasets from all 40 years. Each year, 232 passage at the weir tended to build, reach a peak, then attenuated until the run was exhausted in 233 D r a f t for the negative binomial measuring daily passage through the weir. The values of these 239 parameters for individual years (Table S2 ) represent draws from these higher-level distributions. 240
The three methods of estimating escapement produced different patterns of variability 241 (Table3 , Fig. 4) . The HBM estimates of total escapement resolved peaks in 1977, 1981, 1989, 242 1995, and 2005 (Fig. 4, open circles) . Escapement in these years exceeded 13 000 Chinook 243 salmon, but in 1995 and 2005 exceeded 20 000 fish. The ad-hoc estimates of escapement were 244 similar to the HBM estimates, but lacked measures of uncertainty (Fig. 4, closed circles) . The 245 year-by-year Bayesian estimates yielded run-timing curves that were ambiguous, or produced large 246 uncertainties in estimates of total escapement in several years (Fig. 4, open triangles) . As a test of the efficiency of the HBM, we removed 16-day periods of counts in the first, 252 middle, and last third of the run for each dataset and used our HBM to estimate escapement. In 253 both years, the credible intervals included the estimate of escapement from the full dataset (Fig.  254   6) . Estimates of error with credible intervals were largest for the loss of counts from the first part 255 of the run and the smallest for the loss of counts at the end third of the run in both years. 256 We tested the ability of our model to handle missing counts by examining the behavior of the 314 model after removing segments of the weir counts from two years that had a full set of counts for 315 the 48 days the weir was in operation. All of the model estimates of passage for periods with 316 missing data had credible intervals that included the estimates of escapement in the model (Fig.  317   6 ). This simulation indicated that the hierarchical Bayesian approach provided robust estimates 318 of escapement when some counts were missing. However, it was not possible to compare the 319 results of either the ad-hoc, year-by-year analyses, or the HBM estimates, to a golden standard to 320 determine accuracy. While we cannot say that the one approach produces more accurate results 321 than the other, we can say that HMB estimates are statistically more defensible, because HBM 322 estimates are expected to have smaller mean squared errors than ad-hoc or year-by-year 323 estimates. 324
In previous models, run-timing variability among years was estimated for some salmon runs 325 The results of our study point to several areas for future research. One is to better understand 341 the behavior of fish passage past a weir during normal operation and during breaches in the weir. 342
Our HBM does not account for fish accumulating behind a weir and passing en masse during a 343 breach. Some method is needed to account for the number of fish behind the year during a breach 344 in the weir. Another potential problem is to assess model uncertainty, which can be addressed 345
with various approaches to model selection. Another avenue for future research might be further 346 D r a f t 111x96mm (300 x 300 DPI)
